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Combining genetic inheritance information, for both molecular proﬁles and complex traits, is a promising strategy
not only for detecting quantitative trait loci (QTLs) for complex traits but for understanding which genes, pathways,
and biological processes are also under the inﬂuence of a given QTL. As a primary step in determining the feasibility
of such an approach in humans, we present the largest survey to date, to our knowledge, of the heritability of
gene-expression traits in segregating human populations. In particular, we measured expression for 23,499 genes
in lymphoblastoid cell lines for members of 15 Centre d’Etude du Polymorphisme Humain (CEPH) families. Of
the total set of genes, 2,340 were found to be expressed, of which 31% had signiﬁcant heritability when a false-
discovery rate of 0.05 was used. QTLs were detected for 33 genes on the basis of at least one P value !.000005.
Of these, 13 genes possessed a QTL within 5 Mb of their physical location. Hierarchical clustering was performed
on the basis of both Pearson correlation of gene expression and genetic correlation. Both reﬂected biologically
relevant activity taking place in the lymphoblastoid cell lines, with greater coherency represented in Kyoto Ency-
clopedia of Genes and Genomes database (KEGG) pathways than in Gene Ontology database pathways. However,
more pathway coherence was observed in KEGG pathways when clustering was based on genetic correlation than
when clustering was based on Pearson correlation. As more expression data in segregating populations are generated,
viewing clusters or networks based on genetic correlation measures and shared QTLs will offer potentially novel
insights into the relationship among genes that may underlie complex traits.
Introduction
In 1980, Botstein et al. proposed that sequence differ-
ences be treated as markers, in order to map genes in-
volved in inherited traits. Since that time, the number
of genes mapped to positions in the human genome has
grown exponentially. Mapping these genes for inherited
traits has been extremely successful for simple Mende-
lian diseases; however, ﬁnding such genes for diseases—
and their associated risk traits—that are of large public
health interest has proven difﬁcult. Reasons for this dif-
ﬁculty include disease heterogeneity (disease subtypes
with some or no overlapping genetic causes), misclas-
siﬁcation (from using discrete classiﬁcations of disease
from thresholds and combinations of thresholds), and
unaccounted-for environmental inﬂuences. With the ad-
vent of technology to measure changes in molecular pro-
ﬁles—for example, changes in mRNA transcript abun-
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dance, protein levels, and metabolite levels—it should
be possible to unravel some of the complexity of these
complex diseases. In particular, gene expression can be
viewed as a more reﬁned phenotype, since it is a measure
of phenotypic variation at the molecular level. In ad-
dition, each gene-expression phenotype provides anno-
tation, pathway, and genome location data. Combining
these data with genetic-inheritance information, for both
molecular proﬁles and complex traits, is a promising
strategy not only for detecting QTLs for complex traits
but for understanding which genes, pathways, and bi-
ological processes are also under the inﬂuence of a given
QTL.
Jansen and Nap (2001) were among the ﬁrst to sug-
gest the use of expression proﬁles in segregating pop-
ulations. They discussed the power of using well-de-
veloped methods and designs available for dissecting
quantitative traits along with the rapidly expanding col-
lection of methods for large-scale sets of phenotypes.
They provided an illustration that combined linkage
data from a set of genes with known genomic locations,
to construct a putative pathway. Jin et al. (2001) studied
the contributions of sex, genotype, and age on tran-
scription in Drosophila melanogaster through a study
of two inbred lines ofDrosophila. They observed a large
sex effect on expression and less of an effect due to
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genotype and age, although there was evidence for sex-
by-genotype interactions. Brem et al. (2002) and Yvert
et al. (2003) provided an in-depth exploration into the
genetics of gene expression in yeast. These studies in-
dicated signiﬁcant control of gene expression by genetic
variation with both cis- and trans-acting mechanisms.
In addition, support was provided for linkage “hot-
spots” that controlled large sets of functionally related
genes by a single QTL. Cowles et al. (2002) explored
the role of cis-acting QTLs in mice and found evidence
for regulatory variation, some of which was tissue spe-
ciﬁc. Schadt et al. (2003) provided a survey of the ge-
netics of gene expression in maize, mice, and humans.
This study further supported signiﬁcant genetic control
of gene expression in both cis- and trans-acting regu-
latory mechanisms. In addition, gene expression was
utilized to subphenotype mice such that the underlying
genetics for each subtype could be dissected. Data were
also provided to support heritable inﬂuences on gene
expression in human lymphoblastoid cell lines.
Yan et al. (2002) took one of the initial steps for ex-
tending these studies to include humans. Their technique
compared two alleles of the same gene within the same
cellular sample, to identify differences in expression be-
tween the two alleles. Thirteen genes were studied in 96
individuals. Of the 13 genes, 6 showed differences in
expression due to allelic variation. In addition, they pre-
sented three families with expression levels segregating
according to allelic variation. Another study in lympho-
blastoid cell lines further established familial aggregation
of gene expression and related functional classiﬁcation
to expression (Cheung et al. 2003).
The goal of the present article is tomove beyond family
aggregation, or heritability, and to more fully explore the
genetic component of gene expression in humans through
the use of lymphoblastoid cell lines in a sample of CEPH
families (Dausset et al. 1990). Our study includes (1)
determination of expressed genes, (2) estimation of the
heritability of gene expression, (3) linkage analysis to
establish oligogenic effects, and (4) characterization of
cis and trans effects of detected QTLs. In addition, gene
annotation will be studied in the context of each of the
steps above, and we provide an example establishing the
extra information, with regard to biological pathways,
that is obtained by considering shared genetic inﬂuences.
This study presents the largest survey to date, to our
knowledge, of the heritability of gene-expression traits
in segregating human populations.
Material and Methods
Families
Fifteen families from the CEPH/Utah family collection
were selected for proﬁling. The family identiﬁers were
1334, 1340, 1345, 1346, 1349, 1350, 1358, 1362,
1375, 1377, 1408, 1418, 1421, 1424, and 1477. These
families were selected because of the availability of ge-
notypes and lymphoblastoid cell lines for all three gen-
erations and because of their large numbers of children.
In total, the families represent 210 individuals. Of these,
167 individuals provided adequate quantity and quality
of RNA for expression proﬁling.
Tissue Growth, Processing, and Proﬁling
Lymphoblastoid cell lines were obtained from Coriell
Repositories and propagated. All cell lines were grown
in media and supplements purchased from the Invitrogen
Corporation. The culture media consisted of RPMI sup-
plemented with 15% fetal bovine serum, 1% penicillin/
streptomycin, and 0.5% sodium pyruvate. To minimize
variability between experiments, all fetal bovine serum
used was from lot number 10082147 1129480. The cell
lines were grown at 37C in humidiﬁed incubators, in
an atmosphere of 5% CO2.
Experiment series were set up by seeding 25-ml cul-
tures in T25 ﬂasks at a density of cells/ml.52.5# 10
Each culture was grown for 48 h or until the cell density
was at least 780,000 cells/ml. To harvest the cells, the
cultures were centrifuged, the media was decanted, and
500 ml of guanidine isothiocynate cell lysis buffer (Buffer
RLT, Qiagen) was added. Cell lysates were then trans-
ferred to 96-well block format and stored at 80C.
Total RNA was isolated using RNeasy 96 kits (Qia-
gen) with the following protocol modiﬁcations. Har-
vesting of cells was performed in 500 ml, instead of in
the 150 ml speciﬁed by the protocol. To eliminate DNA
contamination, the appended DNase protocol was used
in concert with the isolation protocol. DNase was added
to the membrane after the ﬁrst 350-ml RW1 wash (guan-
idinium thiocyanate and ethanol) and was allowed to
sit on an RNeasy membrane for 30 min. An additional
350-ml RW1 buffer wash and an additional 500-ml RPE
buffer wash were performed.
To quantitate and perform quality control on the ex-
periments, the A260/A280 ratio was taken through use
of a Spectramax spectrophotometer (Molecular Devices).
Samples whose A260/A280 ratio deviated0.2 from the
accepted ratio value of 2.0 were excluded. Formaldehyde
gels (1.2%) were run on each sample to ensure that ri-
bosomal RNA bands were intact and that signiﬁcant deg-
radation had not occurred. Samples that met the minimal
mass requirement of 13 mg (for two replicates) and whose
ribosomal bands were visible in the QC gel were trans-
ferred from the 96-well block and aliquoted into micro-
centrifuge tubes by use of a Multiprobe II EX (Packard
BioScience Company). For samples of individuals that
were to be used in the pool, 46 mg of RNA was allocated
by use of the same procedure. In total, 167 individuals
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in 15 pedigrees provided adequate quantity and quality
of RNA for expression proﬁling.
The microcentrifuge tubes were vacuum dried and
stored at80C before processing. Dried total RNA sam-
ples were reconstituted, and 3 mg of total RNA was used
from each sample for subsequent RT-PCR–in vitro tran-
scription ampliﬁcation using the T7 promoter, which pro-
duced allyl-UTP–labeled single-stranded complementary
RNA (sscRNA) (Hughes et al. 2001). Ampliﬁed cRNA
was puriﬁed using the RNeasy puriﬁcation kit (Qiagen)
and was coupled with either cy3 or cy5 (Hughes et al.
2001). Puriﬁed cy3/cy5-labeled cRNA was fragmented
using a ZnOAc/EDTA addition and was hybridized to at
least two DNA microarray slides with ﬂuor reversal for
24 h in a hybridization chamber, washed, and scanned
using a laser confocal scanner (Hughes et al. 2001).Arrays
were quantiﬁed on the basis of the intensity of each spot
relative to background, by use of the Qhyb program (Ro-
setta Inpharmatics) (Marton et al. 1998).
Expression proﬁling of lymphoblastoid cell lines was
performed using a 25K human gene oligonucleotide mi-
croarray. All individuals were compared with a common
pool created from equal portions of RNA from all sam-
ples that passed quality control and were from founders
within the 15 pedigrees (Gene Expression OmnibusWeb
site). Sequences for the microarray were selected from
the RefSeq database (NCBI Reference Sequence Web
site; see the Electronic-Database Information section for
genes and accession numbers) and EST contigs (van’t
Veer et al. 2002).
Genotype Data and Genetic Maps
Genotype data for 346 autosomal genetic markers for
210 of the pedigree members were obtained from the
CEPH genotype database, version 9.0 (CEPH Genotype
Database Web site). Genetic markers were selected from
the 14,404 markers represented in the full database, so
that at least 75% of the pedigrees had genotypes avail-
able for at least 75% of the families. The median inter-
marker distance was 11 cM, on the basis of the deCODE
genetic map (Kong et al. 2002). Marker-allele frequen-
cies available from the CEPH genotype database were
used for estimating identity-by-descent probabilities.
Statistical Methods
For each proﬁle, genes were tested to assess differential
expression relative to the pool, by use of procedures
described elsewhere (Hughes et al. 2000). The color dis-
plays given in ﬁgure 4 show aslog (expression ratio)10
(1) purple, when an individual’s expression is up-regu-
lated relative to the pool; (2) blue, when an individual’s
expression is down-regulated relative to the pool; (3)
black, when the is close to zero;log (expression ratio)10
and (4) gray, when data from one or both of the chan-
nels for a given probe is unreliable. For each gene, the
is measured as the gene expres-log (expression ratio)10
sion for an individual compared with that of the pool.
Variance-components methodology was used to esti-
mate the overall and QTL-speciﬁc heritabilities of gene
expression and to test for linkage across the genome at
4-cM steps, as described below (Almasy and Blangero
1998). For consistency, we follow the notation of Al-
masy and Blangero (1998). Consider a phenotype de-
noted by y. A linear model is used to relate variation in
y to covariates, QTLs, polygenic background, and ran-
dom error:
n
′yp mXb g  g e , i
ip1
where m is the grand mean; is a vector of covariates,′X
with being the associated vector of regression coefﬁ-b
cients; gi is the effect of the ith of n QTLs under the
additive model; represents the polygenic background;g
and e corresponds to individual-speciﬁc random error.
It is assumed that gi, g, and e are uncorrelated random
effects with expectation 0. Hence, the total variance for
y is , where is the additive geneticn 2 2 2 2 j  j  j jg g e gip1 i i
variance for QTL i, is the variance due to polygen-2jg
ic effects, and is the residual variance. Let2j ype
be the phenotype vector for a pedigree with′(y ,y ,… ,y )1 2 t
t members. Under the assumption of multivariate nor-
mality, can be modeled as a multivariate normal ran-y
dom variable with mean , where is now amXb X
matrix of covariates with row i containing the covariates
for individual i. The covariance matrix is equal to
n
2 2 2ˆQp P j  2Fj  Ij , i g g ei
ip1
where contains elements ( ) such that the entry forˆ ˆP pi ijk
the jth row and kth column is an estimate of the pro-
portion of genes that individual j and k share at QTL
i, is the kinship matrix, and is a t-dimensional identityF I
matrix. The matrix is computed using a regression-ˆPi
based approach that is a function of the estimated IBD
sharing for a set of markers and the distances from those
markers to the location being modeled as a QTL (Fulker
et al. 1994; Almasy and Blangero 1998). For heritability
analyses, no QTLs are modeled, and the maximum-like-
lihood estimate of provides an estimate of heritability2jg
given the constraint . Tests of heritability cor-Var (y)p 1
respond to the following null and alternative hypotheses:
versus . For linkage analyses, a sin-2 2H :j p 0 H :j 1 00 g 1 g
gle QTL is modeled with all other variation due to
genetic effects accounted for by . QTL-speciﬁc heri-2jg
tabilities are estimated using maximum-likelihood tech-
niques. Tests of linkage correspond to the following null
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and alternative hypotheses: versus2 2H :j p 0 H :j 10 g 1 g1 1
, where g1 is the single QTL being modeled.0
In addition, bivariate segregation analyses were con-
ducted using variance-components models (Almasy et al.
1997; Williams et al. 1999). Consider a vector,
x
zp ,[ ]y
such that x and y are the pedigree trait vectors for two
traits. The mean vector for z consists of the piecewise
mean vectors for the two traits,
mxm p .z [ ]my
The covariance matrix can be written as
Q Qx xyQ p ,z [ ]Q Qxy y
where and are the univariate covariance matricesQ Qx y
for traits x and y. The matrix consists of the cross-Qxy
covariances for the two traits and can be written as
2 2Q p 2Fj  Ij ,xy gxy exy
where is the genetic covariance between traits x and2jgxy
y. Likewise, is the residual covariance between traits2jexy
x and y. Since we are interested in the genetic correlation
(GC), , and the residual correlation, , the covar-r rgxy exy
iances are reparameterized as
2j p j j rgxy gx gy gxy
and
2j p j j r ,exy ex ey exy
where jgx (jgy) corresponds to the square root of the total
genetic variance for trait x (trait y). In addition, jex (jey)
corresponds to the square root of the residual variance
for trait x (trait y).
All analyses, with the exception of the bivariate seg-
regation analyses and Pearson correlation (PC), were ad-
justed for age, sex, and age-by-sex interaction, and like-
lihood-ratio tests were utilized for tests of heritability,
linkage, and GC. Variance-components models were an-
alyzed using the software package SOLAR, the sequential
oligogenic linkage analysis routines (Almasy andBlangero
1998).
Multiple testing for signiﬁcance of total heritability
was taken into account through the use of false-discov-
ery rate procedures (Benjamini and Hochberg 1995).
Here, P values are computed for the set of 2,430 genes
that were selected on the basis of expression data alone.
These P values are ordered such that P  P … 1 2
. The ﬁrst k tests are signiﬁcant where k is the largestP2,430
i such that . This rule controls the false-P  (i/2,340)ai
discovery rate at level a.
For genes with available annotation in the Proteome
BioKnowledge Library (Incyte), key phrases were com-
pared between differentially expressed genes and the full
set of 23,499 genes by use of a Fisher’s exact test. A
total of 4,783 categories are represented in the full set
of genes. Hence, tests were conducted for each of the
4,783 possible categories represented in the full set of
genes, and signiﬁcance was assessed using a Bonferroni
correction for a familywise type I error rate of 0.05.
Results
Genes Expressed in Lymphoblast Cell Lines
Of the 23,499 genes represented on the microarray,
2,430 were differentially expressed (type I error rate 0.05)
in at least half of the children. Nine key phrases were
enriched within the differentially expressed set (testwise
type I error rate 0.05/4,783); these include “immune re-
sponse,” “response to viruses,” and “inﬂammatory re-
sponse.” Table 1 contains a list of the nine key phrases,
along with P values and corresponding occurrence counts.
Heritability of Gene Expression
Heritability analysis was conducted for the set of dif-
ferentially expressed genes. When a false-discovery rate
of 0.05 was used, 762 genes (31%) were detected as
heritable. The median heritability for the 762 genes is
0.34. Figure 1 provides a summary of the distribution
for the 762 heritability estimates. Results were consistent
with our power calculations. The sample size provides
∼28% power to detect , 63% power to detect2h p 0.1
, 85% power to detect , 94% power2 2h p 0.2 h p 0.3
to detect , and 100% power to detect2 2h p 0.4 h 
. It is noted that heritability estimates were 10.44 for0.5
only 25% of the genes. Given that adjustments have been
made for age and sex, this implies a large environmental
or nongenetic inﬂuence on expression for the majority
of genes. Of the 762 heritable genes, 705 had a median
fold change between 1 and 2, 46 had a median fold
change between 2 and 3, 6 had a median fold change
between 3 and 4, and 5 had a median fold change 14.
Annotation, obtained from the Proteome BioKnowledge
Library (Incyte), was compared between genes with sig-
niﬁcant heritability and those that were differentially ex-
pressed. Each of the 4,783 categories that were repre-
sented in the full set of genes was considered. No
signiﬁcant differences were detected (testwise type I error
rate 0.05/4,783). Comparison of annotation for genes
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Table 1
Results of Comparison between Annotation for Differentially Expressed Genes and the Full Set of Genes
PHRASE





Full Set of Genes
( )Np 23,499
Immune response 104 460 4.14#1012
Response to viruses 36 132 4.98#107
Integral to plasma membrane 194 1,243 2.40#106
Immune cell chemotaxis 20 59 4.99#106
Cytokine and chemokine mediated signaling pathway 28 100 5.23#106
Cytokine activity 21 64 5.25#106
Inﬂammatory response 75 392 5.44#106
Plasma membrane 164 1,037 7.72#106
Immediate hypersensitivity response 8 12 9.95#106
with signiﬁcant heritability and the full set of genes
yielded results comparable to those shown in table 1;
however, a couple of differences do exist. In particular,
only two categories are statistically signiﬁcant: immune
response ( ) and defense/immunity pro-Pp .000000256
tein activity ( ). Several of the categoriesPp .00000386
found to be enriched in the differentially expressed genes
are no longer among the most enriched categories for
the subset of heritable genes.
We previously conducted a heritability pilot study on
four CEPH families (Schadt et al. 2003). Although the
reference pool utilized in the pilot study was substan-
tially different from the reference pool used in the present
study, we expected to see some consistency between the
two. For the 440 genes found to be differentially ex-
pressed and heritable in the pilot sample (false-discovery
rate 0.05), 65% were conﬁrmed in the present study.
Expression QTLs
Multipoint-based identity-by-descent sharing was
computed and utilized in a linkage analysis at 4-cM steps
across all autosomal chromosomes. Figure 2 summarizes
the linkage results for three levels of pointwise signiﬁ-
cance: .0005, .00005, and .000005. There were 33 genes
with signiﬁcant linkage deﬁned by at least one P value
.000005, 50 deﬁned by at least one P value .00005,
and 132 deﬁned by at least one P value .0005. Not
surprisingly, genes with signiﬁcant linkages correspond
well to those genes that were found to have signiﬁcant
heritability and that are associated with immune-related
functions.
For the 33 genes with signiﬁcant linkages at the
.000005 level, there was minimal correlation among ex-
pression levels. The maximum absolute correlation was
0.61; however, the third quartile of all pairwise corre-
lations was 0.29. Twenty-two of these genes have sig-
niﬁcant expression QTLs even after a Bonferroni cor-
rection is applied to genomewide signiﬁcance levels to
obtain a familywise error rate of 0.05. That is, when
signiﬁcance is assessed for each of the 2,430 differen-
tially expressed genes on the basis of a genomewide sig-
niﬁcance level of 0.05/2,430, 20 genes have signiﬁcant
expression QTLs (LOD score threshold 6.53). Interest-
ingly, 8 of these genes have QTLs that overlap with their
physical location within 5 Mb. This is in contrast to 13
of 33, 18 of 50, and 25 of 132 genes with QTLs sig-
niﬁcant at the pointwise level of .000005, .00005, and
.0005, respectively. For genes with signiﬁcant linkages
at the .000005 level, most (25 of 33) had only a single
QTL detected from the linkage scan. Six genes had 2
QTLs, one gene had 3 QTLs, and one had 15 QTLs.
Figure 3 provides a summary of the QTL-speciﬁc heri-
tabilities for the 55 QTLs. All detectable QTLs ac-
counted for at least 50% of the trait variance, with 75%
of the QTLs having heritabilities 10.76. This is consis-
tent with the power to detect QTLs at a type I error rate
of .000005 for a randomly selected sample of 15 ped-
igrees (results not shown).
Lack of Evidence for Linkage Hotspots
Previous studies have detected linkage “hotspots” in
studies of the genetics of gene expression (Brem et al.
2002; Schadt et al. 2003; Yvert et al. 2003). Our linkage
analyses were conducted at 4-cM steps, for a total of
816 positions along the autosomal genome. At the point-
wise signiﬁcance level of .000005, there were 586 lo-
cations with no linkage hits, 159 with one linkage hit,
59 with two linkage hits, 6 with three linkage hits, 3
with ﬁve linkage hits, and 3 with six linkage hits. Sim-
ulations were used to study the distribution of linkage
counts per location under the assumption that linkages
are distributed randomly through the genome. On the
basis of 60,000 simulations, the probabilities of seeing
three, four, ﬁve, or six linkage hits at some location in
the genome were estimated to be 0.4488, 0.04505,
0.00315, and 0.0001666667, respectively. Hence, the
locations with ﬁve and six linkages are consistent with
nonrandom clusters of QTLs. In addition, the QTLs are
Monks et al.: Genetics of Gene Expression in Humans 1099
Figure 1 Effect sizes for heritable genes. The ﬁgure shows a histogram for estimates of heritability for those genes that are both differentially
expressed and signiﬁcantly heritable, when a false-discovery rate of 0.05 is used.
all located in a single area on chromosome 6 and cor-
respond to linkages for six genes. Four of the genes
(HLA-DPB1, HLA-DRB3, HLA-DRB5, and HLA-G)
correspond to the major histocompatibility complex.
One of the transcripts corresponds to an EST that is
highly similar to a Homo sapiens major histocompati-
bility complex, class II, DR51 haplotype, and the last of
the six genes is the cubilin gene. Two of the HLA genes,
HLA-DPB1 and HLA-DRB3, are located close to the
shared linkage segment on chromosome 6; however, two
factors cast doubt on whether the linkages are due to
pleiotropic effects. First, HLA genes are highly poly-
morphic; therefore, probe selection without regard to
such variation is likely to yield a probe that is subject to
more-extensive SNP variation than would be realized in
other genomic regions. For example, the 60-mer probe
for HLA-DRB5 has nine SNPs, that for HLA-DPB1 has
seven SNPs, and that for HLA-DRB3 has ﬁve SNPs, on
the basis of the dbSNP database (dbSNP Home Page).
Hence, it is likely that the presence of genetic variation
in the probe location could mimic expression patterns
similar to those for genetic inheritance of a QTL. Hughes
et al. (2001) demonstrated that variation in probe inten-
sities realized on the microarray platform used in the pres-
ent study were not signiﬁcant if the probe contained fewer
than ﬁvemismatches to the correspondingRNAsequence,
but signiﬁcant variation was observed for probes con-
taining ﬁve or more mismatches. Second, HLA genes are
highly similar to one another, making gene-speciﬁc probe
selection difﬁcult and resulting expression measures sub-
ject to signiﬁcant cross-hybridization.
Clustering of Genes on the Basis of GC
Estimating GC between any two traits provides a mea-
sure of the extent of variation between two traits ex-
plained by common genetic components. Toward this
end, we identiﬁed a set of genes by taking into account
gene-expression activity criteria, heritability measures,
and linkage analysis. Genes found to be transcriptionally
active in at least 10% of the CEPH samples and that
had a statistically signiﬁcant heritability component
(type I error rate 0.01) or at least one QTL with an
associated LOD score 3 were identiﬁed for further
analysis. This resulted in a set of 574 genes that was
carried forward into a bivariate analysis performed on
each pair of traits in the set, to estimate GC. In addition,
PCs for all gene pairs were calculated. For each corre-
lation measure, agglomerative hierarchical clustering
was applied to the gene-expression and experiment (in-
dividuals from the CEPH families) dimensions (Hastie
et al. 2001). Color matrix displays, in addition to the
experiment and gene-expression cluster trees generated
from this procedure, are shown in ﬁgure 4. The two
clusters share many common features, but there are also
important differences. First, the GC-based cluster is seen
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Figure 2 Linkage results for 2,430 differentially expressed genes. Multipoint linkage analysis was conducted every 4 cM over the autosomal
genome. This ﬁgure summarizes the results by counting the number of genes with P values .0005, .00005, and .000005, for each of the
4-cM locations.
to have smaller distances between two gene-expression
traits on average, indicating a higher mean correlation
measure than was observed for the PC-based cluster.
Although the signiﬁcances of the GCs were generally less
than those observed for the PCs, the higher GCmeasures
are consistent with the way in which this set of genes
was selected. Another difference is the extent of pathway
coherence represented by each cluster.
One measure of whether the GC- or PC-based cluster
is providing more meaningful information is to examine
the extent to which genes in known pathways are seen
as clustering more closely together. Using the Gene On-
tology (GO) and Kyoto Encyclopedia of Genes and Ge-
nomes (KEGG) pathway databases (Gene Ontology Con-
sortium Web site; KEGG Genes Database Web site), we
determined that 164 and 32 genes, respectively, mapped
to pathways represented in the GO and/or KEGG data-
bases by2 genes in the 574-gene set. To assess the extent
of pathway coherence represented in the set of genes that
mapped to these databases, we computed the average dis-
tance between genes in the cluster tree that mapped to
the same pathway, for each pathway having 2 genes
represented from the 574 gene set. For the PC clustering,
the median distance for the GO pathways was 21 (min-
imum and maximum distances were 2 and 50, respec-
tively), and the median distance for the KEGG pathways
was 20 (minimum and maximum distances were 8 and
45, respectively). After 1,000 rounds ofMonte Carlo sim-
ulation, the P values associated with the GO and KEGG
pathway median distances were estimated to be .03 and
.007, respectively.
The above results indicate that the pathway infor-
mation in these databases does reﬂect biologically rel-
evant activity taking place in the lymphoblastoid cell
lines, with greater coherency represented in the KEGG
pathways than in the GO pathways. Given this, we
wanted to assess whether the GC clustering provided for
increased coherency over all pathways represented in the
574-gene set, compared with PC clustering based on the
observed expression values. The median distances be-
tween genes in the GC clusters were 23 for the GO
pathways and 15 for the KEGG pathways. Although the
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Figure 3 Effect sizes for QTLs detected at a pointwise signiﬁcance level of .000005
median distance was higher for the GO pathways, it was
interesting to note that, of the 67 GO pathways repre-
sented by 2 genes in the 574-gene set, 29 had smaller
distance measures in the GC cluster, compared with 30
having smaller distance measures in the PC cluster (8
had identical measures). In light of this, the degree of
pathway coherence with respect to the GO pathways
does not appear to be signiﬁcantly different between the
GC and PC clusters. This may reﬂect the more general
nature of the GO pathways represented. However, the
increased pathway coherence observed in the KEGG
pathways is well reﬂected by the GC cluster; not only
did the GC cluster show increased coherency for the
KEGG pathways, but 29 of the 39 KEGG pathways
represented in the 574-gene set had smaller distance
measures than in the PC cluster, compared with 8 having
smaller distance measures in the PC cluster.
An example of two genes represented in a KEGGpath-
way that grouped more tightly together on the basis
of genetic correlation is highlighted in ﬁgure 4 for the
PC and GC clusters. These two genes, Pip5K1a and
Pip5K2a, are involved in phosphatidylinositol signaling
and are members of the same KEGG pathway. Inositol
signaling is known to be active in lymphoblastoid cell
lines (Belmaker et al. 2002), and our data suggest that
genes in this pathway are transcriptionally active in our
cell lines as well. However, as can be seen in ﬁgure 4A,
Pip5K1a and Pip5K2a are clustered at completely op-
posite ends of the cluster tree (shortest path connecting
the two genes: 27), indicating that the PC cluster did
not establish a relationship between these two genes. On
the other hand, the GC cluster established a stronger
connection between these two genes, by bringing them
relatively close together in the cluster tree (shortest path
connecting the two genes: 20).
Discussion
We have demonstrated that there is a genetic component
to the control of gene expression in human lymphoblas-
toid cell lines. In fact, of the differentially expressed genes,
31% were heritable, on the basis of a false-discovery rate
of 0.05. These genes were enriched for immunity-related
functions, including immune response, defense/immunity
protein activity, response to virus, and inﬂammatory re-
sponse. Estimates of heritability were on the same order
as that observed for complex traits. This is perhaps not
surprising, given that the cell lines utilized were created
for use in genotyping. Hence, a large amount of experi-
mental variation could be diminishing any existing genetic
effects. In particular, each family may not have been col-
lected at a comparable time or with comparable sampling
methods. Further, it is possible that the cell lines have not
undergone the necessary procedures for immortalization
at the same time or in the same experimental environment.
Despite these potential problems, linkage analysis yielded
several QTLs controlling for gene expression, even when
a conservative Bonferroni correctionwas used tomaintain
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Figure 4 A, Two-dimension agglomerative hierarchical cluster constructed in the experiment (Y-axis) and gene-expression (X-axis) di-
mensions, using PC as the similarity measure, on the 574 genes described in the text. Several clusters in the gene-expression dimension are
apparent from this color matrix display. However, two genes, Pip5k1a and Pip5k2a, known to function in the phosphatidylinositol signaling
pathway, are seen here to cluster into two completely separate clusters in the gene-expression tree. B, Two-dimension agglomerative hierarchical
cluster constructed in the experiment (Y-axis) and gene expression (X-axis) dimensions, using GC as the similarity measure, on the 574 genes
described in the text. Although there are clearly patterns of expression that are highly similar to those shown in panel A, there are differences
that serve to highlight the information that can be derived from the genetics dimension. In this instance, the two genes indicated in panel A as
operating in the same pathway but clustering far away from each other cluster relatively closely together.
the false-positive rate, across all linkage analyses for all
genes, at a level of .05. For the given sample size, the
study is powered to detectmajorQTLs only. In fact,QTLs
detected at a pointwise signiﬁcance level of .000005 ac-
count for 50% of the trait variance, with 75% of the
QTLs having heritabilities 10.76.
It is of note that other studies of the genetics of gene
expression have detected “hotspots” in which a single
QTL controls the expression of a large set of genes. Our
results did not detect such a phenomenon. It may be
that our study was not powered to pick up such effects.
However, other studies have focused on genetic crosses
of inbred lines that had been selected to be divergent
for a particular phenotype. One could argue that this
type of ascertainment would enrich for a small set of
QTLs that are underlying the observed phenotypic
differences among the resulting offspring. Given that
the resulting phenotypic differences are due to many
changes at the molecular level, one would expect to see
these types of hotspots for expression QTLs. Our sam-
ple was not ascertained on the basis of a particular
phenotype. Given a random sample of families, one
might not expect to see hotspots for control of gene
expression.
One advantage of generating gene-expression data in
a segregating population is the ability to decompose the
relationship between any two traits into genetic and
environmental components. Estimating genetic corre-
lation between any two traits provides a direct measure
of the extent of variation between two traits explained
by common genetic components. It is this level of in-
formation that allows for more-direct causal inferences
among the expression traits and clinical phenotypes of
interest (e.g., disease-related phenotypes). The GC in-
formation among the gene-expression traits could be
incorporated into standard Bayesian network recon-
struction models, as a way of formalizing the recon-
struction of genetic networks underlying complex phe-
notypes of interest. Successes achieved using more
heuristic methods of incorporating genetic information
into network reconstruction processes (Zhu et al. 2004)
suggest that this is a worthy area of research to inves-
tigate. Here, we conducted analyses that showed clus-
ters of genes based on GC corresponded well to bio-
logical pathways, and we provided an example of two
genes involved in the same pathway that have been
shown to be active in lymphoblastoid cell lines. These
genes were more tightly clustered when GC, as opposed
to PC, was utilized. Although there are similar examples
in which PC offers a tighter association among genes
of a given pathway, clustering based on GC offers a
different view of the data that may enhance the infor-
mation that can be derived from the clusters of gene-
expression data and that has not previously been
exploited. As more expression data in segregating pop-
ulations are generated, viewing clusters or networks
based on GC measures will offer potentially novel in-
sights into the relationship among genes that may un-
derlie complex traits.
Our results establish the existence of genetic control
of gene expression and include a description of what
this control looks like in a random sample of families.
In addition, clustering based on GC provided groupings
of genes that are consistent with biological pathways.
For a sample ascertained for the study of a complex
trait, such information could provide in-depth func-
tional information that could be overlaid with inheri-
tance data for the complex trait. Studies in maize, mice,
and yeast are starting to provide such examples (Brem
et al. 2002; Schadt et al. 2003; Yvert et al. 2003). More
studies are needed to determine the utility of such an
approach in humans. For instance, what tissues are ame-
nable to sampling? What types of traits could be studied
with such tissues? Peripheral blood is easy to obtain,
but for what diseases or risk factors will this be relevant?
Studies have already shown inﬂuences of age, sex, time
of sample draw, blood cell count, and health status in
peripheral blood (Whitney et al. 2003). Another ques-
tion of interest is, to what extent does expression in cell
lines relate to expression in the original tissue? Also,
should the focus be on expression in the tissue or, per-
haps, changes in expression due to a challenge?
The present study suffers from many of the same lim-
itations of gene-expression studies, in that a large num-
ber of variables are tested.We tried tominimizemultiple
testing, by focusing on genes that we deemed to be ex-
pressed in the lymphoblastoid cell lines. Of course, there
are other ways to determine a set of differentially ex-
pressed genes; however, we expect results based on al-
ternative gene-selection methods to be comparable to
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those presented here. Although results were presented
for 167 proﬁled samples, only 15 families were utilized.
Given such a large number of tests on this sample size,
it is likely that the asymptotic distributions, on which
P values are based, are not appropriate for all genes.
Permutation-based test statistics could be used to esti-
mate such P values; however, the computation time re-
quired makes this approach infeasible in a reasonable
amount of time. Regardless of these limitations, the re-
sults presented here establish the existence of genetic
control of gene expression and provide a glimpse into
the possibilities of using such an approach to better
understand complex traits.
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